Applications of mathematical modeling can improve outcome predictions of cancer therapy. Here we present a kinetic model incorporating effects of radiosensitivity, tumor repopulation, and dead-cell resolving on the analysis of tumor volume regression data of 80 cervical cancer patients (stages 1B2-IVA) who underwent radiation therapy. Regression rates and derived model parameters correlated significantly with clinical outcome (P < 0.001; median follow-up: 6.2 years). The 6-year local tumor control rate was 87% versus 54% using radiosensitivity (2-Gy surviving fraction S 2 < 0.70 vs. S 2 ≥ 0.70) as a predictor (P = 0.001) and 89% vs. 57% using dead-cell resolving time (T 1/2 < 22 days versus T 1/2 ≥ 22 days, P < 0.001). The 6-year disease-specific survival was 73% versus 41% with S 2 < 0.70 versus S 2 ≥ 0.70 (P = 0.025), and 87% vs. 52% with T 1/2 < 22 days versus T 1/2 ≥ 22 days (P = 0.002). Our approach illustrates the promise of volume-based tumor response modeling to improve early outcome predictions that can be used to enable personalized adaptive therapy. Cancer Res; 70(2); 463-70. ©2010 AACR.
Introduction
Despite the best standard-of-care treatment, radiation/ chemotherapy is unsuccessful in one third of all patients with cervical cancer. Prognostic indicators of treatment outcome have traditionally been derived from clinical and pathologic features, including the Fesddration Internationale des Gynaecologistes et Obstetristes stage, lymph node status, primary tumor size, and histology. Tumor size is an important prognostic factor for local control (LC) and survival in cervical cancer (1) (2) (3) (4) , but its assessment by clinical palpation has been relatively inaccurate. Magnetic resonance imaging (MRI) has been reported to be much more precise than any other modality in delineating uterine tumors (1, (5) (6) (7) (8) . It has been previously shown that the important prognostic factor of tumor volume can be measured more precisely using three-dimensional MRI-based volumetry (6, 9) and tumor regression rate can be accurately evaluated by sequential MRI obtained before, during, and after the course of radiation therapy (RT; refs. 1, 5) .
Tumor volume regression rate has also been suggested as an important predictor of LC and long-term survival (1, 10, 11) , which can provide essential information about the inherent response of cervical cancer to the cytotoxic radiation/ chemotherapy regimen. To date the intrinsic tumor radiobiological factors influencing tumor regression are largely unknown in cervical cancer. Therefore translation of tumor regression information into clinical decision-making for individualized adaptive therapy has not been possible. A better understanding of these radiobiological processes and establishment of robust modeling parameters would refine the accuracy of outcome prediction and may enable biologicalbased optimization of therapy.
In 2006, we first developed a kinetic model (12) to analyze MRI-based tumor regression data in cervical cancer. The radiobiological model incorporated three major effects of RT: radiation cell-killing, tumor repopulation, and dead/ inactivated cell resolving. In this pilot study, we found that tumor regression rate and radiobiological modeling strongly correlated with treatment outcome (12, 13) . In 2008, Lim and colleagues (14) developed a similar model describing tumor regression during external beam RT (EBRT); they found that the model parameters correlated with tumor hypoxia. However, no outcome correlation was available.
Major Findings
A kinetic model was developed to predict the ultimate clinical outcome of radiation therapy (RT) for cervical cancer. Tumor volume regression assessed by serial magnetic resonance imaging before, during, and after RT was linked to radiobiological parameters, which reflect the underlying biological processes of cellular response to RT. This study suggests that patient-specific modeling of tumor growth kinetics can provide valuable information on biological mechanisms of tumor radioresponse and predict long-term clinical outcome.
Long-term clinical follow-up data is necessary to verify the usefulness of kinetic modeling parameters for outcome prediction (13) .
The purpose of our study was to present the details of the kinetic model and to analyze the tumor regression data using the kinetic model and estimate tumor radiosensitivity and dead-cell resolving time for individual patients. These radiobiological parameters were correlated to therapy outcome to assess their value for outcome prediction and their potential for individualized RT.
Materials and Methods
Patient population. Among a total of 115 patients with carcinoma of the cervix accrued prospectively in this study, 80 patients completed all four serial MRI scans. The patients were staged clinically by International Federation of Gynecology and Obstetrics criteria (15) , including physical examinations, chest radiograph, tumor biopsy, complete blood count, serum chemistries, intravenous pyelogram, and abdomino-pelvic computed tomography. There were 10 patients in Stage IB, 5 in Stage IIA, 26 in Stage IIB, 3  in Stage IIIA, 24 in Stage IIIB, 7 in Stage IVA, 2 in Stage  IVB (inguinal metastasis) , and 2 with locally recurrent tumors (after hysterectomy). Sixty-nine patients had squamous cell, and 11 had adenocarcinomas. Median age was 55 y (range, 25-89).
Standard RT. All patients were treated with primary RT with curative intent, which included a combination of pelvic EBRT with 24 MV photons (45-50 Gy delivered in daily 1.8-2.0 Gy fractions) and low-dose rate (LDR) intracavitary brachytherapy. The brachytherapy consisted of one to two fractions of 20 Gy prescribed to Point A, which was converted to equivalent EBRT doses of 18 Gy using an α/β of 10 Gy (16). Twenty-six patients received cisplatin-based chemotherapy.
In this study, data analysis focused on two outcome end points, tumor local failure (LF) and dead of disease, based on clinical follow-up. LF was defined as tumor recurrence during the follow-up period or persistent/progressive tumor within pelvis. Cases other than LF were considered as LC of tumor. For dead of disease, death from cervical cancer or cancer complications was scored as event and death from intercurrent disease was censored. Patients other than dead of disease were considered as disease-specific survival (DSS).
MRI protocol and tumor volume measurement. Serial MRIs were performed for each patient at four time points: at the start of RT, during RT (at 20-25 and 40-45 Gy of pelvic RT), and at follow-up (1-2 mo after RT). The 320 MRI scans were obtained with 1.5-Tesla superconductive scanners (Signa, General Electric Medical Systems and Siemens Magnetom Vision, Siemens Medical, Inc.) in all but five patients who were imaged with a 0.5-Tesla scanner (Picker International) in the early phase of this study. Imaging included sagittal 5-mm conventional fast spin, echo T 2 -weighed images (TE eff = 104, TR = 4,000, ETL = 10, NEX = 2), and axial 7-mm T 2 -weighed and T 1 -weighed images (TE = 16, TR = 600, NEX = 2).
Quick Guide: Main Model Equations
Eq. (A):
This is a differential equation used to describe the tumor volume regression profile R(t), in terms of three major radiobiological processes: radiation cell-killing, dead-cell resolving, and tumor repopulation. The equation relates the temporal regression rate R(t) of tumor volume at time t, with the half-time of dead-cell resolving T 1/2 and the cell surviving fraction at time t, S(t), which is ultimately related to the basic radiobiological parameters: cell surviving fraction after 2-Gy (S 2 ) and effective tumor doubling time (T d ).
Major Assumptions of the Model:
This model assumes that the tumor volume regression during radiation therapy (RT) is determined by three major biological processes: radiation cell-killing implied by radiosensitivity S 2 , the clearance of tumor dead cells with a half-time T 1/2 , and tumor cell repopulation with a doubling time T d . First, tumor cells are killed/inactivated by RT; then the damaged clonogenic cells lose their reproductivity but remain in situ where they die and eventually are cleared by blood circulation, reticuloendothelial system, or surface sloughing. Therefore, we did not anticipate an immediate change of tumor volume after each RT fraction. Rather, we assumed that the second process, resolving of dead cells, would follow in an exponential fashion. As more and more tumor cells were killed and cleared, the blood and nutrient supply to the tumor would improve. Then, the third process, repopulation of the living clonogens, would begin.
Tumor region-of-interest (ROI) was delineated in each slice on T 2 -weighed images, and three-dimensional ROI-based tumor volumes were calculated using a technique described previously (5) . The tumor regression rate was determined for each measurement as the percentage of residual tumor volume at a given time normalized to the initial tumor volume.
Kinetic regression model. A kinetic model was developed to describe tumor regression during RT and to analyze the tumor volume data.
During the RT course, three major processes were considered relevant to tumor response (12) . First, tumor cells are killed/inactivated by RT; then the damaged clonogenic cells lose their reproductivity but remain in situ where they die and are eventually cleared by the blood circulation, reticulo-endothelial system, or surface sloughing. Therefore, we did not anticipate an immediate change of tumor volume after each RT fraction. Rather, we assumed that the second process, resolving of dead cells, would follow in an exponential fashion. As more and more tumor cells were killed and cleared, the blood and nutrient supply to the tumor would improve. Then, the third process, repopulation of the living clonogens, would begin (17) . Therefore, the tumor regression profile R(t) can be described by Eq. (A) (12) . The onset time of tumor repopulation is assumed to be T k . The T k data for cervical cancer are very scarce in the literature; therefore, in this study, we tested two cases with T k = 0 and T k = 21 d as found in the published data for other types of human cancer (17, 18) .
Numerical calculation method. Because of the complex dose delivery schedule, including both EBRT and LDR brachytherapy, and weekend and unscheduled breaks, it was unpractical to derive an analytic solution for Eq. (A). Therefore, a numerical method of iteration was adopted to derive the regression profile R(t) for each individual patient. To mimic the clinical conditions, actual dose delivery schedules were extracted from the RT charts for all 80 patients and taken as input parameters of our model calculation.
i represents a day without radiation; 1:8 or 2:0 Gy i represents a day with EBRT; D LDR i represents a day with LDR brachytherapy:
Here index i represents the ith day during the course of RT, starting at 1 when the first daily fraction of EBRT was delivered. Dose D LDR represents the actual dose of Point A normalized to EBRT dose in 1.8-Gy fractions.
Assuming that the initial tumor volume is V 0 and V i represents the volume on ith day, here V i consists of two partial volumes V s,i and V d,I : V s,i represents the volume made up of living clonogenic cells and V d,i is the volume composed of the inactivated/dead cells, i.e.,
and the relative tumor volume on the ith day is given by
Early investigations by Bentzen and colleagues (19) showed that the tumor volume is directly proportional to the clonogen number. Therefore, the tumor volume change during radiotherapy with dose data (D i , i = 1,…,n) can be calculated as follows,
where V s,i−1 and V d,i−1 stand for the volumes of clonogens and inactivated cells on the (i−1)th day, respectively and n i equals 1 for RT days and 0 for non-RT days. When i = 0, V s,0 = V 0 and V d,0 = 0. S 2 and T 1/2 for patient groups and individual patients. We simulated the tumor regression based on the kinetic model for each patient during the RT course. Radiobiological parameters were derived by fitting the tumor regression data. Four model parameters were evaluated in the data analyses, including S 2 , T 1/2 , T d , and T k . Because we had only four data points for each patient, and one of them was the normalization point, we had to reduce the model parameters in our fitting exercises. Among the four parameters, tumor regression profile was most sensitively influenced by S 2 and T 1/2 ; therefore, only S 2 and T 1/2 were treated as free parameters. Lim and colleagues (14) suggested that the possible values within reasonable physiologic ranges are 0.01 to 0.99 for S 2 and 1 to 100 d for T 1/2 . Data for tumor doubling time (T d ) of cervical cancer published in the literature gave median values ranging from 3.1 to 5.6 d (20) (21) (22) (23) (24) (25) . An average value of 4.5 d was adopted in our model. The onset time (T k ) of tumor repopulation plays a role in tumor regression during RT and was assumed to be 0 or 21 d (16, 17, 26) .
The tumor volumes measured by the four MRIs were included as the input data for the modeling study. The initial tumor volume was obtained from the first MRI, and all subsequent volumes were normalized to this initial value to obtain the tumor regression ratios at the designed time points. When the initial MRI preceded the start of RT, the tumor volume was assumed to be constant (assuming tumor cell proliferation and cell loss were balanced) before the start of treatment. For the few cases in which the initial MRI scan was several days later than the start of RT, the parametric volume at the beginning of treatment was assumed to be 1, and the tumor volume corresponding to the date of the first MRI was calculated using the above method of iteration; once all volume data were obtained, they were renormalized to this calculated volume of the initial MRI.
The tumor regression data were also summarized and analyzed for two outcome groups: LC versus LF. The mean tumor volumes corresponding to the four sequential MRIs were obtained and then normalized to the mean initial tumor volume. The time points of the four MRI scans were adopted as 0, 16, 36, and 100 d after RT started. Dose data were taken as input parameters in the model fits but were simplified by using the standard treatment regimen/schedule.
Statistical analyses for outcome prediction. In the current study, we analyzed the S 2 and T 1/2 data for different outcome groups and tested the significance of their differences. Furthermore, we derived the model parameters for each individual patient and correlated them with the ultimate outcome.
In this study, the model fitting of tumor profiles was performed with in-house c++ code. All statistical analyses were performed on the SPSS (SPSS 16, SPSS, Inc.). Correlations between the model parameters and the clinical outcome were assessed by either the Mann-Whitney rank sum test or Pearson correlation. Receiver operating characteristics (ROC) analysis was adopted to select optimal model classifiers. Survival curves were obtained using Kaplan-Meier survival analysis. Using the Cox regression method, multivariate analysis incorporating stage, lymph node status, initial tumor volume, S 2 , and T 1/2 was performed to verify independent prognostic factors for outcome prediction.
Results
Tumor regression profile. Tumor volume measurements were performed in 80 patients who had completed four serial MRI scans before, during, and after the RT course for cervical cancer by identifying and delineating the area of tumor based on MRI T2-weighed images. As an example, the regions of interest (tumor delineation) of a typical patient are shown in Fig. 1 for all four MRI studies. The tumor volume at the start of RT ranged from 3.4 to 700 cm 3 (median, 54.4 cm 3 ; Table 1 ) and had only marginal value for outcome prediction (P = 0.06). During EBRT, tumor regression occurred in all cases, following an exponential pattern, and the relative volume reduction and the shapes of the regression curves varied considerably during and at the end of treatment. Typical regression curves are shown in Fig. 2 for two patients with LC versus LF. Tumor regression profiles were calculated for each patient to best fit the regression data.
Modeling two outcome groups: LC versus LF. The radiobiological parameters of S 2 and T 1/2 were obtained by fitting the mean tumor regression data to the two outcome groups shown in Table 1 . The resulting parameters were S 2 = 0.66, T 1/2 = 9.5 days for LC and S 2 = 0.72, T 1/2 = 18 days for LF. The SD of S 2 and T 1/2 derived from the mean regression data were (0.26, 0.68) and (6.0, 17) days, respectively, for LC group and (0.22, 0.73) and (11, 31) days, respectively, for LF group. Differences between the LC and LF groups were statistically significant (P = 0.015 for S 2 and P = 0.001 for T 1/2 ).
Evaluation of S 2 and T 1/2 for individual patients. Parameters S 2 and T 1/2 were derived by fitting the model to the four tumor volumes of each of the 80 patients. Both S 2 and T 1/2 influenced the shape of the tumor volume regression profile during RT, as shown in Fig. 2 . In general, a low S 2 and a short T 1/2 correlated with fast tumor regression. Relatively small S 2 values (S 2 < 0.2) were associated with a relatively large uncertainty. Therefore we chose a low boundary of S 2 to achieve a stable model fit. The fitting always yielded a unique value of T 1/2 with a relatively small uncertainty for individual tumors. S 2 and T 1/2 did not significantly correlate with each other (P = 0.17), whereas S 2 and T 1/2 were independently correlated with LC and DSS. Table 2 summarizes the fitting results of the two outcome categories with S 2 = 0.65 (median) and T 1/2 = 7.9 days (median) for the LC tumors and S 2 = 0.70 (median) and T 1/2 = 18 days (median) for LF tumors. Outcome prediction with model parameters. The radiobiological parameters of S 2 and T 1/2 derived from the model were correlated with the clinical outcome. With T k = 21 days, both S 2 and T 1/2 were significantly and independently correlated with treatment outcome (P = 0.002 and P < 0.001, respectively). With T k = 0, the results were similar but with less significant P values (P = 0.057 and P = 0.002, respectively). The optimal cut-points for S 2 and T 1/2 , based on the ROC analyses for outcome prediction, were S 2 = 0.70 and T 1/2 = 22 days.
Kaplan-Meier analyses showed strong correlation of S 2 and T 1/2 with local tumor control (LC). Patients with S 2 < 0.70 had a 6-year LC rate of 87%, compared with 54% for higher S 2 values (P = 0.001; Fig. 3A) . Similarly, the 6-year LC rate was 95% versus 57% for T 1/2 < 22 versus T 1/2 ≥ 22 days (P < 0.001; Fig. 3B ). The two model parameters also correlated strongly with DSS. As shown in Fig. 4A , patients with S 2 < 0.70 had a 6-year DSS rate of 73%, compared with 41% for those with S 2 ≥ 0.70 (P = 0.025), and it was 87% versus 52% for T 1/2 < 22 versus T 1/2 ≥ 22 days (P = 0.002; Fig. 4B ).
Multivariate analysis for independent prognostic factors. In the multivariate analysis incorporating stage, lymph node status, initial tumor volume, S 2 , and T 1/2 , the results showed that the T 1/2 , S 2 , and initial tumor volume remained significant in outcome prediction (P < 0.05) and T 1/2 was the best predictive factor (P < 0.001); however, the classic prognostic parameters, including stage and lymph node status, were no longer significant (P > 0.05) in the multivariate analysis.
Discussion
Radiobiological modeling of tumor regression during RT enables us to estimate the intrinsic biological determinants for individual tumor response and interpret interpatient variability of tumor regression based on fundamental biological processes associated with radiosensitivity (S 2 ), time of dead-cell resolving (T 1/2 ), and accelerated repopulation of surviving colonogens (T d and T k ).
To our knowledge, our study is the first report on early response modeling for outcome prediction in a large cervical cancer population with long-term clinical follow-up. Our model parameters, derived from the three-dimensional volumetric tumor regression analysis with direct outcome correlation, enabled us to classify tumors as radiosensitive or radioresistant to RT according to S 2 and perhaps as well or poorly perfused according to T 1/2 . The results have shown that S 2 and T 1/2 can provide outcome prediction within a few weeks of treatment completion, in stark contrast to the currently available methods that do not allow determination of treatment success or failure until many months/years after therapy. The modelbased early determination of a high risk of local tumor recurrence allows more aggressive therapy interventions to improve outcome for patients with cervical cancer.
Radiation sensitivity. Intrinsic cellular radiosensitivity and the repair capacity of radiation-damaged cells contribute to clinical radioresponsiveness. These characteristics also vary among tumors and depend on multiple factors, including differential sensitivity to induction of apoptosis and complex molecular mechanisms that are poorly understood. It has been shown that S 2 is one of the most significant prognostic factors for stage I to stage III cervical carcinoma treated with RT (27) . Although surviving fraction analysis of tumor biopsies has a relatively high failure rate (28), the combination of S 2 with either apoptosis index (25) or tumor vascularity (29) improves the discrimination of the prognostic groups. Moreover, a Poisson tumor-control-probability model involving individual radiosensitivity has been found to be a better independent prognostic factor for LC and DSS in cervical cancer (30) . In our study, the delineation of radiosensitivity was directly derived from tumor response to ongoing therapy. Fitting the model to the patient clinical data enabled us to evaluate radiosensitivity in individual patients. Differences in S 2 were directly reflected in the different tumor volume regression patterns. Radiosensitive tumors with low S 2 were characterized by rapid tumor regression during RT; radioresistant tumors (high S 2 ) showed slow regression early in treatment (Fig. 2) . The strong outcome correlation of S 2 suggests that the S 2 values derived in our analysis are robust in characterizing radiosensitivity-based tumor control in cervical cancer.
Lim and colleagues (14) found that the median S 2 = 0.71 could be used to classify patients with radiosensitive or radioresistant tumors and that tumors with S 2 higher than 0.71 were more hypoxic and radioresistant. Our outcome study was consistent with their result, with the optimal cutoff point of S 2 = 0.70 for radiosentivity classification, as found in the ROC analysis.
Dead-cell resolving. The half-time of dead-cell resolving (T 1/2 ) in our model is likely related to tumor microenvironment, including stromal components and vasculature. Although cell death in fractionated radiotherapy of carcinomas is dominated by mitotic catastrophe (31) , it is still not clear how RT-induced cell death in highly complex and dynamic solid tumor systems translates into volume regression during/after RT. It has been suggested that radiation-induced impairment of blood flow reduces the dead-cell resolving rate (32) . This concept is seemingly supported by observations of prolonged tumor regression caused by radiation-induced stromal cell damage (33) . Thus, it is possible that tumors with more extracellular stroma might regress slowly, resulting in a longer T 1/2 . On the other hand, the dead-cell resolving is related to multiple biological processes influencing cell metabolism and death. Tumors are highly dynamic systems, including complex interactions among the cellular, stromal, and vascular compartments, mediated by cell-cell communication and physiochemical reactions associated with hypoxia, acidosis, and interstitial fluid pressure. Heterogeneous blood perfusion was observed in tumors using DCE-MRI technique, and variation in blood perfusion may occur within a short time interval (34) . Whereas well-perfused tumors may have a short T 1/2 , they would also have better blood supply and, thus, be well oxygenated, which may lead to more effective RT and better outcome. Therefore in our study, we found a strong inverse correlation between T 1/2 and tumor control.
Relationship between S 2 and T 1/2 . Overall no significant correlation between S 2 and T 1/2 was found (P = 0.17, Pearson correlation). However, we observed that tumors with high S 2 regressed slowly in early RT and tended to be accompanied by a long T 1/2 . A plausible explanation for this observation could be that both high S 2 and long T 1/2 could lead to slow tumor regression, and detailed profile data (more than four measurements for each patient) are necessary to differentiate the two biological processes. However, our outcome study indicates that the optimal cutoffs of S 2 and T 1/2 obtained from ROC analyses were powerful discriminators of the LC versus LF groups.
Tumor repopulation. Repopulation of surviving tumor clonogens during fractionated RT is one of the crucial factors determining radiocurability (22) . In theory, pretherapy tumor proliferation is balanced by tumor cell loss due to apoptosis, necrosis, and sloughing, whereas the potential doubling time measures the potential growth of the tumor, assuming no cell loss (20, 35) . Although there was a significant trend for patients with increasing tumor stage to have more rapidly proliferating tumors with a shorter T d (21) , results obtained by Hill and colleagues (21) showed that both tumor proliferation (shown by labeling index) and potential doubling time lost significance in predicting clinical outcome.
Many investigators have studied potential doubling time in cervical cancer (20) (21) (22) (23) (24) (25) . For instance, Bolger and colleagues (23) obtained a median potential doubling time of 4.0 days for cervical cancer, and Tsang and colleagues (36) found it to be 5.6 days. We used 4.5 days for our kinetic regression model, an average from these published data (20) (21) (22) (23) (24) (25) , as the effective tumor doubling time after repopulation start (T d ). In our previous model study analysis, using the mean value of T d = 3.5 days reported by Wigg (25) , S 2 and T 1/2 were 0.61 and 9.9 days for LC and 0.66 and 20 days for LF groups, respectively (12) . Although in our current analysis, using a T d of 4.5 days, S 2 and T 1/2 varied slightly (see Results), our data consistently showed that high S 2 and large T 1/2 are associated with unfavorable treatment outcome. More data and further study are necessary to evaluate the effect of tumor repopulation on clinical outcome for individual patients.
Although the model was applied to cervical cancer in this study, it can be suitable for other types of cancers, such as lung cancer, etc. The radiobiological parameters resulting from the kinetic model provide predictive value for clinical outcome. Due to limited image data, only four MRI scans were available during the RT course; our model had to focus on the major effects that influence the tumor regression significantly and was not able to address the underlying mechanism in detail, which is related to the fundamental radiation biology of human cancer.
In summary, a kinetic model was developed to describe the tumor regression of cervical cancer during radiotherapy. The model fits the temporal three-dimensional volume data well, as measured by serial MRI, and derives radiobiological parameters of radiosensitivity and dead-cell resolving halftime for individual patients. These model parameters correlate with clinical outcome significantly. The radiobiological modeling reflects the underlying biological and molecular processes influencing radiosensitivity and treatment outcome; therefore, this process has the potential to translate the tumor phenomenal response into treatment strategies for better therapy outcome.
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